We describe sensor-based and signal-processing-based techniques for improving the detection of buried land mines in thermal infrared imagery. Results of experimental studies using MWIR (2.2-4.6 m) and LWIR (8-12 m) imaging systems are reported. Thermal clutter due to surface reflected sunlight and skylight are investigated and shown to be the dominant clutter component for both MWIR and LWIR imagery collected during daylight hours. A sensorbased clutter reduction technique, spectral differencing, was considered and found to provide some benefit. The temporal evolution of thermal signatures was investigated. The imagery are found to have near-Gaussian statistics, and therefore the deflection coefficient is a valid measure of detectability. The deflection coefficient for some buried mines was found to improve with time after sunset. In addition, the LWIR band appears to offer some advantages in detection. Clutter mitigation via signal processing is also explored using an "estimator-classifier" technique in which target-related parameters (features) are estimated from the data and detected with a classifier. The theoretical basis of the method is discussed. MWIR and LWIR imagery are used to illustrate both the sensor-based and signalprocessing-based techniques.
INTRODUCTION
In this work we examine methods for improving detection of buried mines in thermal infrared images. Naturally occurring clutter has long been recognized as a performance limiting factor in JR mine detection. A significant problem in dealing with this clutter is that it derives from several largely independent sources including variations in soil temperature, surface emissivity, and reflected light. These clutter sources are affected by diverse natural phenomena including variations in soil mineral composition and moisture content, inhomogeneous ground cover, the vitality of overlying vegetation, surface topography, and shadowing.
Several techniques for mitigating clutter are considered here. Jn Section 2 we describe clutter reduction techniques related to sensors and their use. Tests at our facility, reported here, indicate that during daylight hours surfacereflected sunlight and skylight are the dominant clutter sources both at MWIR and LWIR. In Section 2.1 we discuss the nature of reflected-light clutter. Supporting experimental data were acquired on a surrogate mine field constructed at our facility. Jn Section 2.2 we describe the time evolution of thermal imagery. The behavior of the mine signature and the surrounding soil are compared. Jn Section 2.3 we describe the concept of spectral differencing, in which surface
The Role of Reflected Light
In this section we consider the sources of surface-reflected JR clutter and we present some imagery to illustrate the phenomenon. Some important JR clutter mechanisms a:re shown in Figure 1 . The received radiance LR [W m2 sr1} at an JR sensor can be written as LR(.\, x, y) = p(A,x, y)LsuN(\) + p(A, x, y)LSKy(A) + c(), x, y)LT(A, x, y), (1) where p is the surface reflectivity, is the surface emissivity, LSUN is the radiance due to sunlight and LSKY is the radiance due to skylight (sunlight scattered by particles and molecules in the earth's atmosphere and thermal radiation from the warm atmosphere). Both LSUN and LSKY are assumed constant over the surface, i.e., shadowing and surface topography are not considered. For an opaque body that satisfies Kirchhoff's law, we have E()', x, y) = 1 -p(), x, y), and defining
leads to
Equation (3) illustrates a well known problem in JR detection of buried objects. Even if the incident radiance can be determined by other means, the surface emissivity c and thermal radiance LT are unknown and vary with surface position. Thus, it is essentially impossible to estimate the desired quantity LT from a single measurement. A study of the emissivity of natural materials has been presented by Salisbury and D'Aria.1'2 The spectral responses of these materials are quite complicated, but in general over the 3-4 1am band rocks and soils exhibit refiectances of 5% to 30%, while vegetation has reflectances of 2% to 15%. For the 8-14 jm band they found rock reflectances of 1% to 10%. Vegetation reflectances were found to have approximately the same range.
Experiments were done to study the relative contributions of these illumination components. The experiments were performed at a surrogate minefield emplaced at the ElectroScience Laboratory (ESL) and further described elsewhere.3 Some 40 mine-like and clutter-like targets were placed in the native Ohio topsoil and had been in situ for more that 18 months at the time these data were acquired. Surface vegetation on the mine field was completely removed. The test area was not specially conditioned for JR imaging prior to emplacing the targets. As a result, As noted above, measurements were performed at different JR spectral bands to better judge the effects of wavelength on clutter. Since the spectrum of sunlight is strongest at visible wavelengths, sensors optimized for long wavelengths will be less affected by direct and reflected sunlight.* A commercial MWTR camera (Cincinnati Electronics IRRJS 16OST) and a LWJR camera (FUR Sytems Agema 1000) were used in these tests. Sensor characteristics are shown in Table 1 . The MWJR sensor offers a InSb array detector with low internally generated sensor noise, expressed as the noise equivalent temperature difference (NEZT) . This metric determines the weakest detectable signal. The LWIR camera was borrowed from the US ARMY Night Vision Laboratory for the duration of this test. This sensor is a second-generation scanning array. The spectral range of its HgCdTe detector is 8-12 jm and it produces 12 bit data with a dynamic range of 100 K. It also has the ability to switch between two fields of view. We first illustrate the relative contributions of direct sunlight and skylight through shadowing for the MWJR sensor. We compared images of regions illuminated by direct sunlight and shadowed (i.e., without direct illumination). piling. The mines in this scene are seven-inch plastic disks buried one inch in the soil. We find that it is nearly impossible to distinguish the fiducial markers and mines due to heavy clutter in the unshadowed image. There is less clutter in the shadowed image and the fiducial markers can be easily seen, but the mine signatures are not apparent.
On the basis of these data we conclude that direct illumination of the scene by sunlight is the dominant MWJR clutter source, and skylight (both aerosol-scattered sunlight and thermal emission by the air) is also a significant clutter source. The most dramatic illustration of the importance of surface-reflected light on MWJR imagery occurs when the sensor is operated at night. Figure 3 shows the results of an experiment performed on 9 June 1998 in which data were collected after sunset. Figure 3 It is evident that MWIR imagery is best captured at night to avoid surface-reflected light. Operating at night does not remove all reflected clutter, since the night sky continues to produce thermal radiation in the infrared region, which is reflected from the ground.
The role of surface-reflected light in LWJR sensors is explored in Figure 4 . Figure 4 (a) illustrates the region of interest including the mine positions, fiducial markers and the concrete pilings. Figure 4(b) shows the data collected on 13 October 1998 at 14:30. The direct sunlight contribution is present in this experiment. Although the fiducial markers can be distinguished, it is not possible to identify the mine positions due to heavy clutter. In Figure 4 (c) data collected on 13 October 1998 at 18:00 are presented. This image is captured just after the whole mine-field is completely shadowed by an adjacent building. The image is less cluttered and it is now possible to identify the mine positions. In Figure 4 mines can be clearly identified. These results show that surface-reflected light is also a major source of clutter in LWTR imagery. Figure 5 shows a sequence of images taken after sunset.
Temporal Evolution Studies
The data displayed in Figures 3 and .5 were part of a study undertaken to identify time-dependent differences in the thermal behavior of soil over a mine with respect to the surrounding soil. Those images indicate that thermal mine signatures are dynamic phenomena and, in principle, their evolution is described by thermal models. In humanitarian demining we have the luxury of bemg able to acquire the time history of the minefield thermal imagery, whicli can provide additional information leading to improved detection.
The temperature of soil is constantly changing throughout the scene, and any niiiie-related temperature (lifferemices must be detected in the presence of this background change. To minimize the number of clutter phenomena present. the images are acquired after sunset. The timing of the measurements with respect to sunset is. however. an iniportalit factor as shown in the preceeding section. We collected image sequences at regularly spaced time intervals using both the MWIR and LWIR cameras. Software was developed to control the cameras and to automatically acquire imagery every 15 minute for several hours. MWIR images were collected on 9 July 1998 starting at 19:10 (near sunset) and continuing for more than four hours. Representative samples of the data were shown in Figure 3 . It can be seen that the clutter in the scene increases as time increases. The reason for this change has not been conclusively determined, but it is possible that small protruding surface features cool more rapidly than larger flat ground regions, because of the greater exposed surface area of the former.
Histograms of these images (not shown here) appear Gaussian. A test of this condition is possible by using the Kolmogorov-Smirnov (KS) statistic,7 which permits us to determine the probability that data is drawn from a specified distribution. For these images typical levels of significance for the test are near unity, indicating a near-Gaussian distribution for the image pixels.
LWIR imagery was acquired 30 October 1998 starting at 19:10. Representative results, acquired between 18:10 and 22:40, were shown in Figure 5 . The histograms of the LWIR imagery are strongly bimodal as a result of imaging both bare soil (over the mine field) and surrounding vegetation, but imagery with a single type of ground cover appears to have near-Gaussian statistics also.
It is well known that the detection and false alarm rates of targets in Gaussian noise are directly related to the "deflection coefficient" d = (Pi -j.o)2/o2, which is analogous to the signal-to-noise ratio. In this expression is the mean of the signal with the target present, is the mean of the signal with the target absent, and c is the variance of the signal with the target absent. The deflection coefficient was computed for the two mines present in each of the MWIR and LWIR data shown in Figures 3 and 5 , and the result is shown in Figure 6 . We find that the deflection coefficient is generally increasing with time in both bands, which suggests that detection will be improved later in the evening. The MWIR data show inconsistent trends, and the LWIR data have markedly higher values. These limited data suggest that the LWIR band may offer some advantages for thermal mine detection.
Spectral Differencing
In deriving equation (3) we observed that reflected light is a significant source of clutter. Furthermore, even if Lss could be determined, this equation cannot be used to estimate LT, since the surface emissivity is unkown. In principle, two measurements can be used to eliminate the L8 contribution in a straightforward manner. Another approach to dual-band operation was explored previously in a series of papers by Del Grande et al. 4'5'5 In that work it was shown that a ratio of measurements at two bands was directly related to soil temperature, although the effect of surface-reflected light was apparently ignored. We make the key assumption that although the emissivity may vary strongly with position, its wavelength variation is essentially independent of position.4 Thus, the spatial and spectral variation of the emissivity can be factored as follows:
where A(x, y) is an unknown function that is independent of A. Given measurements of a region at two wavelengths, LR(A,x,y) = p(A)A(x,y)Lss(Aj) + f())A(x,y)LT(A,x,y)
we form the weighted difference image zLR(x,y) LR(Al,x,y)
-C(Al,A2)LR(A2,x,y) (6) where C is a constant. If we choose
in which there is no contribution from the direct radiation. If one wavelength, say )2, is in the visible range, then this formulation simplifies slightly. We have LT(A2, x, y) 0 for T 300K, and
Thus, we find that a weighted form of the thermal radiation ELT can be determined by an appropriately weighted difference of visible and JR imagery. The appropriate value of C is seen to depend on environmental factors which are not easily measured. In this work we vary C to achieve a value that is most effective in suppressing clutter.
To explore the spectral differencing concept MWJR and LWTR images were combined. The imagery was acquired on 5 November 1998 after sunset to avoid surface-reflected clutter. The objective of differencing under these conditions is to remove the reflected radiance from the warm atmosphere. Figures 7 (a) and (b) show the original MWJR and LWJR imagery, respectively. Figures 7 (c) -(e) illustrate the compensated JR images for different C values. Jncreasing the value of the C increase the influence of the LWJR image. The results show that it is possible to reject a modest amount of clutter by choosing C apppropriately. Figures 7 (c) -(e) illustrate the trade-off between the maximum contrast and the minimum clutter. Jf we increase C further, we continue to decrease the clutter, but we also decrease the mine signature. Figure 7 (f) shows the ratio of these bands as suggested by LeSchack and Del Grande. 4 We find the performance of these methods to be almost indistinguishable.
ESTIMATOR-CLASSIFIER DETECTION
We also explored clutter reduction through image processing. Efforts described here show that image processing can provide an additional detection improvement beyond that achievable by sensor-based techniques.
JR signatures depend on a variety of unknown factors including target depth, target size, soil conditions, and thermal history. Thus, detection algorithms which require a known signature (e.g., matched filtering) are inappropriate. We will consider the more general case in which the target can be modeled by a known function G(R; e) with unknown parameters €1. Jn this case we express the measured data r as 71o:r(R) = G(R;8)+n (R) hi : r(R) = n(R) (10) We assume that the components of n are jointly normal random variables with zero mean and covariance matrix C.
For this composite hypothesis, we employ a generalized likelihood ratio test which involves e, the maximum likelihood estimate of the unknown parameter e given by e = arg mine £. Jn this result the log-likelihood £ is given by represents the amplitude of the rHine signal. n represents the size of the mine, and 3 represents the exponent of a power-law decay rate for the signature. With four parameters there is sufficient generality in this model to allow it to fit most targets. Not all of the parameters in 0 are relevant to detection of the mine. \Ve find that the parameters of greatest interest are (I.= -'back), o. 3. and log(C). An example JR mine signature and the simulated signature G are shown in Figure 8 .
We evaluated the performance of this algorithm on the surrogate mine field noted previouslY.3 In Figures the ROC curves obtained using the estimator-classifier approach are presented. In the left figure only the lI( detectable targets (plastic mine surrogates and voids with diameter greater than a few inches) are declared to be valid detections. The classifier readily learns this class of target as shown by the excellent performance. Detection of all mine surrogates is a more challenging task as shown in the right figure. Many mine surrogates, because of their size or thermal properties. offer weak thermal signatures. This fact has motivated the use of sensor fusion, as we describe elsewhere. 3 
CONCLUSION
In this paper we have documented several investigations directed toward improving detection of buried mines in thermal JR imagery. We found that for both MW1R and L\VIR sensors, surface-reflected radiation comprises the dominant source of daytime image clutter. Shadowing of the scene produced some benefit at M\VIR and LWIR. but significant reflections are still seen in MWIR from aerosol-scattered sunlight and thermal radiation from the warm atmosphere. MWIR imagery acquired at night shows dramatically reduced clutter. For LWIR the benefits of night versus shadowed imagery are not as dramatic, but they are significant nonetheless. We showed that clutter can also he suppressed by using multi-spectral data. By forming a weighted difference of two images of the same scene it is possible to increase enhance the mine signature somewhat. Studies of the time evolution of thermal iniagerv suggest that the ability to detect buried mines in thermal imagery increases with time after sunset. Time LWJR band appears to offer some advantages in detection.
Signal processing approaches to the mine detection problem were also considered. We developed a detection algorithm based on pattern recognition principles. In this approach signature parameters are computed and used Prvbsbrnty o(Fae Am Pmbsb0ty OfF.*.Am Figure 9 . ROC curves obtained using the estimate-classify approach. For the curve on the left, only IR detectable objects (mine surrogates and voids larger than a few inches) were declared to be valide detections. For the curve on the right, only mine surrogates are declared to be valid detections.
in a classifier. The ROC curve for this approach was computed and found to be good for certain classes of mines, however, other mine types (i.e., those smaller than about three inches and those with significant metal content) were poorly detected in our tests.
